Transient Noise Amplification and Gene Expression Synchronization in a Bistable Mammalian Cell-Fate Switch  by Palani, Santhosh & Sarkar, Casim A.
Cell Reports
ReportTransient Noise Amplification and Gene
Expression Synchronization in a Bistable
Mammalian Cell-Fate Switch
Santhosh Palani1 and Casim A. Sarkar1,2,*
1Department of Bioengineering
2Department of Chemical & Biomolecular Engineering
University of Pennsylvania, Philadelphia, PA 19104-6321, USA
*Correspondence: casarkar@seas.upenn.edu
DOI 10.1016/j.celrep.2012.01.007SUMMARY
Progenitor cells within a clonal population show vari-
able proclivity toward lineage commitment and
differentiation. This cell-to-cell variability has been
attributed to transcriptome-wide gene expression
noise generated by fluctuations in the amount of
cellular machinery and stochasticity in the biochem-
ical reactions involved in protein synthesis. It there-
fore remains unclear how a signaling network, in
the presence of such noise, can execute unequivocal
cell-fate decisions from external cues. Here, we use
mathematical modeling and model-guided experi-
ments to reveal functional interplay between instruc-
tive signaling and noise in erythropoiesis.We present
evidence that positive transcriptional feedback loops
in a lineage-specific receptor signaling pathway
can generate ligand-induced memory to engender
robust, switch-like responses. These same feedback
loops can also transiently amplify gene expression
noise in the signaling network, suggesting that
external cues can actually bias seemingly stochastic
decisions during cell-fate specification. Gene ex-
pression levels among key effectors in the signaling
pathway are uncorrelated in the initial population
of progenitor cells but become synchronized after
addition of ligand, which activates the transcrip-
tional feedback loops. Finally, we show that this
transient noise amplification and gene expression
synchronization induced by ligand can directly influ-
ence cell survival and differentiation kinetics within
the population.INTRODUCTION
During development, environmental cues activate a complex
array of signaling pathways to elicit unambiguous cellular deci-
sions (Xiong and Ferrell, 2003) such as proliferation, differentia-
tion, and apoptosis. However, single-cell experiments haveshown that protein levels, even in a clonal population, can vary
by orders of magnitude due to gene expression noise (Blake
et al., 2003; Elowitz et al., 2002; Ozbudak et al., 2002; Pedraza
and van Oudenaarden, 2005; Raser and O’Shea, 2004; Rose-
nfeld et al., 2005). Noise in the level of a key regulatory factor
in the signaling network can thus markedly alter the decision
making of a cell (Bala´zsi et al., 2011). For example, in hematopoi-
esis, the roles of extrinsic (instructive) signals and intrinsic
(stochastic) noise in determining lineage commitment have
been debated (Enver et al., 1998; Metcalf, 1998). A recent
groundbreaking single-cell imaging study showed that cytokines
can actually instruct lineage choices of hematopoietic progenitor
cells during differentiation (Rieger et al., 2009). However, vari-
ability in the expression level of stem cell factor Sca-1 in a
hematopoietic progenitor cell line has been shown to bias fate
choice, with Sca-1high cells exhibiting enhanced myeloid differ-
entiation and Sca-1low cells displaying more pronounced
erythroid differentiation (Chang et al., 2008). Thus, it is possible
that heterogeneity in the expression of multiple key effectors in
an instructive signaling pathway could alter its efficacy in direct-
ing cell fate; conversely, transcriptional feedback loops in this
pathway could further modulate the initial expression levels of
these signaling proteins.
When considering more than one critical regulator in this
context, it is not clear how their heterogeneous expression levels
are coordinated to bring about an all-or-none fate decision
(Huang and Ferrell, 1996). In instructive signaling pathways acti-
vated by cytokines (Metcalf, 2008), lineage-specific cytokine
receptors (Robb, 2007) are the essential input nodes and
lineage-specific transcription factors (Shivdasani and Orkin,
1996), which serve as master regulators by upregulating the
necessary terminal genes (Laslo et al., 2006; Shivdasani and
Orkin, 1996), are the key output nodes. Thus, their synchroniza-
tion is vital for effective signal transduction and ultimately direct-
ing progenitor cells to a specific lineage. Signaling pathways are
often layered in a nonlinear topology (Angeli et al., 2004; Ferrell,
2002) and our previous computational (Palani and Sarkar, 2008,
2009; Shah and Sarkar, 2011) and experimental (Palani and
Sarkar, 2011) work on receptor signaling topologies has demon-
strated that positive transcriptional feedback loops to both the
receptor and the transcription factor itself can generate a
robustly ultrasensitive response to ligand.Cell Reports 1, 215–224, March 29, 2012 ª2012 The Authors 215
We hypothesized that these positive feedback loops could
synchronize the variability in receptor and transcription factor
expression levels while also engendering switch-like character-
istics to the pathway during fate specification. To test this
prediction, we constructed a mathematical model to simulate
the system dynamics and also performed quantitative ex-
periments using the human cell line UT-7/GM (Komatsu et al.,
1997), which is a common model system for studies of erythro-
cyte differentiation (Kirito et al., 1998; Takahashi et al., 2005). It
was particularly important to use a human cell line in this work
for two reasons: first, a clonal starting population was critical
to specifically examine intrinsic expression noise without the
confounding variability introduced by primary cells, and second,
studying the role of transcriptional feedback necessitated a
sufficiently long timescale for differentiation and would not be
possible with more rapidly differentiating progenitor cells (e.g.,
those from mouse [Bruno et al., 2004]).
We show that both total transcription factor and total cytokine
receptor levels are upregulated during erythrocyte differentia-
tion, confirming the presence of positive transcription factor
and receptor feedback loops, respectively. Through dose-
response and pretreatment experiments, we provide evidence
that the dual positive feedback loops can induce robust,
switch-like differentiation and confer transient memory to high
cytokine concentrations. We experimentally show that the noise
in receptor expression undergoes amplification upon ligand
induction and this behavior is naturally captured by a computa-
tional model with the two-feedback topology. Our results also
reveal that cytokine receptor expression is uncorrelated with
total transcription factor levels in progenitor cells prior to ligand
stimulation; however, during early-stage induction with ligand,
receptor expression becomes synchronized with total transcrip-
tion factor expression, despite the fact that receptor expression
actually becomes noisier during this time. This transient noise
amplification in a cytokine signaling network further suggests
that instructive cytokine signals can actually bias seemingly
stochastic decisions during lineage commitment. In early-stage
progenitor cells, we show that the lineage-specific receptor
expression level, which is dictated by both intrinsic noise and
extrinsic feedback, can functionally impact both cell survival
and differentiation kinetics.
RESULTS AND DISCUSSION
Dual Positive Feedback Loops Can Induce Switch-like
Differentiation
We constructed a deterministic minimal model (schematic
shown in Figure 1A) connecting a ligand (L), a lineage-specific
receptor (R), and a master regulatory transcription factor (TF)
(Palani and Sarkar, 2008, 2009, 2011). In the absence of L, the
model consists only of R and TF, which are both inactive
and therefore do not interact with each other. Addition of L to
the system activates a lineage commitment-signaling pathway,
which results in the activation of TF (TF*). Upregulation of TF*
is assumed to be the marker of commitment and differentiation.
L binds to R to form L-R complex (R*) at the cell surface.
R* activates TF to produce TF*, which drives two noncooperative
positive feedback loops by upregulating inactive R (dotted red216 Cell Reports 1, 215–224, March 29, 2012 ª2012 The Authorsline) and inactive TF (dotted green line). For all simulations, we
consider only the total levels of R (R+R*) and TF (TF+TF*) to
facilitate comparison to experiments. This topology will be
referred to as the ‘‘dual feedback’’ model. We also created three
variations of the dual feedback model: the ‘‘receptor feedback’’
model with only feedback to R (Figures S1A–S1C), the ‘‘tran-
scription factor feedback’’ model with only feedback to TF
(Figures S1D–S1F), and the ‘‘no feedback’’ model with no feed-
back. Note that in all fourmodels, production of TF* is dependent
on R*, which in turn is dependent on R and L. Simulation of the
dual feedback model with L resulted in the upregulation of
surface R (Figure 1B) and total TF (Figure 1C).
We chose a human hematopoietic progenitor cell line,
UT-7/GM, to experimentally test our model predictions. UT-7/
GM cells, upon simulation with the cytokine erythropoietin
(Epo) (Krantz, 1991), can differentiate into erythrocytes (Komatsu
et al., 1997). The analogous schematic of the erythrocyte-
commitment pathway in UT-7/GM cells is given in Figure 1D.
Epo binds to erythropoietin receptor (EpoR) to form complex
EpoR* (Remy et al., 1999), which activates transcription factor
GATA1 (Dalyot et al., 1993; Zhao et al., 2006), which in turn binds
to the promoter regions of EPOR (Cheng et al., 2009; Chiba et al.,
1991; Zon et al., 1991) andGATA1 (Cheng et al., 2009; Tsai et al.,
1991; Zon and Orkin, 1992). GATA1 serves as the master tran-
scriptional regulator and establishes the differentiation program
by upregulating most of the erythrocyte-specific genes (Iwasaki
et al., 2003; Pevny et al., 1991; Welch et al., 2004). We confirmed
the presence of the two feedback loops by inducing UT-7/GM
cells with Epo and monitoring surface EpoR by flow cytometry
and total GATA1 levels by quantitative western blotting. As
shown in Figures 1E and 1F, EpoR and GATA1 levels were
upregulated in the presence of Epo and matched only the simu-
lations of the dual feedback model (Figures 1B and 1C; Figures
S1A–S1G). For clarity, we will henceforth use L, R, and TF
when referring to components in the generic computational
models and Epo, EpoR, and GATA1 when referring to compo-
nents in the specific erythrocyte experimental system.
Next, we looked at the stimulus-response profile of the dual
feedback model to analyze the steady-state relationship
between TF and L at the population level. We had previously
shown computationally that dual positive feedback loops in
a signaling network can impart memory and induce all-or-none
responses in both unipotent (Palani and Sarkar, 2008) and multi-
potent (Palani and Sarkar, 2009) progenitors. As expected,
Figure 1G shows that, in presence of the two noncooperative
positive feedback loops, the dual feedbackmodel exhibits highly
ultrasensitive upregulation of TF in response to L. Also, high TF
levels can be maintained even when L falls below the threshold
level of 0.0005 (dotted line). This shows that the dual feedback
model can engender bistable expression of TF based on the
memory of suprathreshold levels of L. The transcription factor
feedback model does not possess memory and shows only
a monostable steady-state response profile (Figure S1H). The
necessary nonlinearity that enables bistability in the dual feed-
back model is achieved by convergence of the two positive
linear feedback loops to activate TF in the signaling pathway.
Removing either or both of the feedback loops dissolves this
nonlinearity and results in a monostable system. To demonstrate
Figure 1. Dual Positive Feedback Loops Act as a Memory
Module during Lineage Commitment to Induce Switch-
Like Differentiation
(A) Schematic of the lineage-commitment model showing the
connections between L, R, R*, TF, and TF*. Binding of extracellular
ligand L to cell-surface receptor R results in complex formation R*.
R* converts transcription factor TF to TF*, which can bind the
promoter regions of R and TF, forming two noncooperative posi-
tive feedback loops.
(B and C) Simulations from the model showing the upregulation
of surface R (R+R*) and total TF (TF+TF*) upon induction with
0.001 L.
(D) Schematic of the lineage-commitment network in erythroid
progenitors showing the connections between Epo, EpoR, EpoR*,
GATA1, and GATA1*.
(E and F) Progenitor cells (UT-7/GM) treated with 1 U/ml Epo show
upregulation of surface EpoR (EpoR+EpoR*) and total GATA1
(GATA1+GATA1*) during erythropoiesis.
(G) Steady-state response plot showing bistable expression in
total TF for a range of L values. The dose-response plot is highly
ultrasensitive, as a small change in L around the 0.0005 threshold
level sharply transitions the system from a low TF to a high TF
state. If initially induced with a suprathreshold concentration of L,
the system can then maintain the high TF state for a range of
subthreshold concentrations of L.
(H) Pretreatment simulation showing the presence of memory in
the dual feedback model. As seen in (G), if the system is initially
induced and maintained in subthreshold L = 0.0004, it remains in
the low TF state. Induction in suprathreshold L = 0.001 drives the
system to a high TF state. If the system is initially induced with L =
0.001 and then switched to L = 0.0004 at time 2 or 3, it can still
attain the high TF state based on memory of the initial high stim-
ulus. If the subthreshold concentration of L is below the bistable
window (e.g., 0.0001), the system loses memory of any previous
treatment and resets to the low TF state.
(I) Percentage of dianisidine positive UT-7/GM cells after induction
with different Epo concentrations for 13 days. Most UT-7/GM cells
switch toward differentiation when the Epo concentration is
increased from 0.001 to 0.01 U/ml.
(J) Time courses of the percentage of dianisidine positive UT-7/
GM cells grown in 1, 0.01, or 0.001 U/ml Epo.
(K) As seen in (J), if UT-7/GM cells are initially induced and
maintained at a subthreshold concentration of 0.001 U/ml Epo,
they remain largely undifferentiated. Induction in a suprathreshold
concentration of 0.01 U/ml Epo drives cells to the differentiated
state. If the cells are initially induced with 0.01 U/ml Epo and then
switched to 0.001 U/ml Epo at day 3 or 6, a significant fraction of
the cells can still attain the differentiated state based on memory
of the initial high Epo stimulus.
(L) Percentage of viable cells in the differentiating cultures
from (K).
(M) Fraction of dianisidine positive cells in the differentiating
cultures normalized by the percentage viable cells at days 6, 9,
and 12 for the four conditions in (K) and (L). Cells initially induced
with 0.01 U/ml Epo for 3 days and then with 0.001 U/ml Epo for 9
more days showed a statistically significant increase in the
viability-normalized fraction of dianisidine positive cells compared
to cells cultured continuously in 0.001 U/ml Epo for 12 days
(asterisk indicates a p value of 0.003). This suggests that a fraction
of pretreated cells commit toward differentiation based on the
memory of high initial Epo levels.
All error bars show standard error of the mean from three inde-
pendent experiments.
See also Figure S1.
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this memory in the context of a time profile, we simulated the
dual feedback model with a suprathreshold concentration of L
for a small period of time and then reduced L below the threshold
and monitored changes in TF. As seen in Figure 1H, when the
system was induced with a constant, suprathreshold concen-
tration of L (0.001), TF levels rapidly increased and reached
equilibrium at high levels (red curve); similarly, when induced
with a constant, subthreshold concentration of L (0.0004), TF
levels remained low (dark blue curve). However, when the
system was initially treated with suprathreshold L (0.001) for
time 2 or 3 and then switched to subthreshold L (0.0004), the
system still reached high TF equilibrium based on its memory
of the pretreatment with suprathreshold L (Figure 1H, purple
and green curves). If the reduced L concentration is below the
bistable region in Figure 1G (e.g., 0.0001), the system loses
memory of any pretreatment and reverts to the low TF equilib-
rium state (light blue curve).
To test for the presence of ultrasensitivity and memory in
our experimental system, we directly quantified a phenotypic
property of differentiated cells to distinguish between transcrip-
tion factor effects on lineage commitment and those on selection
and proliferation. We first performed a dose-response experi-
ment to study the relationship between Epo induction and cell
fate, assayed by dianisidine staining for hemoglobin production.
UT-7/GM cells were growth-factor starved for 16 hr, and then
cultured in media containing different concentrations of Epo.
The cells were stained with dianisidine after 13 days of culture
with Epo to determine the percentage of hemoglobin positive
cells. Figure 1I shows an ultrasensitive, or switch-like, response
(Goldbeter and Koshland, 1981), since only a 10-fold increase in
Epo level (from 0.001 to 0.01 U/ml) is needed to switch most of
the undifferentiated cells to the differentiated state. We also
quantified the percentage of differentiated cells at different
time points during the 2 week period with Epo induction
(1, 0.01, or 0.001 U/ml). The plot suggests that for suprathreshold
Epo concentrations (1 and 0.01 U/ml), the cells remained mostly
undifferentiated for the first 4 days and then showed a pro-
nounced increase in differentiation from day 4 to day 10. Cells
grown in subthreshold Epo (0.001 U/ml) remained largely undif-
ferentiated throughout the assay period. Cell viability data for
the conditions in Figure 1J are given in Figure S1I. Since lineage
commitment should occur during the initial stages of differenti-
ation, we devised an experiment to mirror the simulations in Fig-
ure 1H. We initially treated the cells with a suprathreshold
concentration of Epo (0.01 U/ml for 3 or 6 days) and then
reduced the Epo concentration to a subthreshold level of
0.001 U/ml Epo for the remainder of the differentiation period.
We used 0.01 U/ml Epo as the suprathreshold concentration
because it was the minimum concentration sufficient to differen-
tiate the majority of the cells in the population (Figure 1I); we
chose 0.001 U/ml Epo as the subthreshold concentration
because cultures were not viable in lower Epo concentrations.
Pretreated cells achieved a significantly higher percentage of
differentiation when compared to control cells grown in
0.001 U/ml Epo (Figure 1K). Notably, this was true even for cells
switched on day 3, at which point no cell differentiation was
detectable in any of the cultures. The time spent in 0.01 U/ml
Epo also correlated with differentiation kinetics, which is in line218 Cell Reports 1, 215–224, March 29, 2012 ª2012 The Authorswith the model predictions (Figure 1H). Parallel measurements
of cell viability showed that pretreated cells achieved a greater
viability percentage compared to control cells grown in
0.001 U/ml Epo (Figure 1L). Thus, the increase in differentiated
cells due to pretreatment could arise from either an increase
in the number of committed cells or an increase in the number
of surviving cells resulting from selection and proliferation. We
therefore normalized the fraction of dianisidine positive cells
by the fraction of viable cells in the culture (Figure 1M) to isolate
the effect of pretreatment on commitment. Even after normal-
izing for cell viability, cells pretreated for only 3 days in supra-
threshold Epo showed a statistically significant increase in
differentiation at day 12 compared to the control population
(p = 0.003). This experimental result supports our model predic-
tion that transient pretreatment with a high ligand concentration
can switch a significant fraction of cells into a commitment-
competent state and that these cells continue differentiating in
a subthreshold concentration of ligand because of memory
imparted by the pretreatment.
Dual Feedback Topology Can Transiently Amplify
Noise and Induce Positive Correlation in Receptor
and Transcription Factor Expression Levels upon
Ligand Induction
For simulations in Figure 1, R and TF values were kept constant
at one initial value before L addition. These simulations only
reflect the macroscopic or average population dynamics of the
system. In order to simulate heterogeneity in R and TF at the
single-cell level, we simulated the original models using initial
values for R and TF that were independently and randomly
selected from log-normal distributions. This procedure was
carried out 1000 times to mimic a heterogeneous population of
1000 cells and the distributions of R in the dual feedback and
receptor feedback populations before addition of L are shown
as histograms in the top panels of Figures 2A and 2B, respec-
tively. While positive feedback in an instructive cytokine
signaling network can be important for generating ultrasensitive
dose responses and creatingmemory in cell-fate specification, it
is possible that these regulatory loops may also control gene
expression noise within a population of cells, defined here as
the square of the coefficient of variation (Paulsson, 2004). The
noise at each time point was divided by the noise at time 0 to
obtain a normalized noise, h. In our simulations, the noise in R
expression for the dual positive feedback model increased
upon L addition (time 2) and then decreased as the underlying
signaling network approached its steady state (Figure 2A). In
contrast, a strictly monotonic decrease in the noise in R was
observed in the receptor feedbackmodel after ligand stimulation
(Figure 2B). Analogous trends in TF noise were seen in dual feed-
back and transcription factor feedback models, respectively
(Figures S2A and S2B).
Tomeasure the noise in R experimentally, UT-7/GM cells were
induced with Epo and the EpoR levels in the viable cells were
measured at the single cell level by flow cytometry. The histo-
grams show that the normalized noise in EpoR expression
initially increases from day 0 to day 2 and then decreases at later
times (Figure 2C). This experimental result is most consistent
with the dual feedback model as the initial noise augmentation
Figure 2. Dual Positive Feedback Loops Amplify Noise and Positively Correlate Receptor and Transcription Factor Expression Levels upon
Ligand Induction during Lineage Commitment
(A) Histograms showing heterogeneity in the expression of surface R for the dual feedbackmodel at time 0 before L induction and at times 2, 4, and 6 after 0.001 L
induction. The noise in each histogram (h) is quantified using the square of the coefficient of variation. The noise at each time point is normalized to the noise at
time 0. Noise in surface R expression increases after ligand presentation and decreases as the system approaches steady state.
(B)Histograms showing heterogeneity in the expression of surfaceR for the receptor feedbackmodel at time0before L induction and at times 0.4, 0.8, and 1.2 after
0.02 L induction. The noise at each time point is normalized to the noise at time 0. Noise in surface R expressionmonotonically decreases after ligand stimulation.
(C) Histograms showing heterogeneity in the expression of surface EpoR in UT-7/GM cells at day 0 before Epo induction and at days 2, 4, and 7 after 1 U/ml Epo
induction. The noise at each time point is normalized to the noise at day 0. Noise in EpoR expression during erythrocyte commitment initially increases and then
decreases, as in the dual feedback model. Histograms shown are representative of three independent experiments.
(D) Model histograms showing a simulated log-normal distribution of surface R in a cell population and in three sorted fractions of this population based on low,
medium, and high expression of surface R at time 2 after 0.001 L induction. Sorting was also performed at time 0 before ligand induction (not shown).
(E) No correlation in the levels of R and TF in the sorted fractions at time 0 for the dual feedback model before L induction.
(F) R and TF levels become positively correlated in the sorted fractions at time 2 for the dual feedback model after L induction.
(G) Experimental histograms showing the distribution of surface EpoR in UT-7/GMcells and in three sorted fractions of this population based on low,medium, and
high expression of surface EpoR at day 2 after 1 U/ml Epo induction. Sorting was also performed at day 0 before Epo induction (not shown).
(H) No correlation in the levels of surface EpoR and total GATA1 in the sorted fractions at day 0 before Epo induction.
(I) Surface EpoR and total GATA1 levels become positively correlated in the sorted fractions at day 2 after Epo induction.
All error bars show standard error of the mean from three independent experiments.
See also Figure S2.
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possibly arises from the ultrasensitive transition (Figure 1) of the
cells from the uncommitted (low R and TF) to the committed
state (high R and TF). The bimodality in the population is not
clearly visible in Figure 2C due to the overlapping EpoR distribu-
tions in the uncommitted and committed population. This noise
amplification (Wang et al., 2010) from dual positive feedback
loops upon ligand induction suggests that external, instructive
signals can regulate (in this case, amplify) intrinsic molecular
heterogeneity during cell differentiation.
While this transient increase in receptor expression noise
might be expected to reduce the synchronization of receptor
and transcription factor levels, we found that the dual feedback
network topology can actually engender both of these effects
concomitantly. Computationally, we simulated cell populations
at time 0 (before ligand presentation) and at time 2 (during noise
amplification [Figure 2D]), with or without the dual feedback
loops. The simulated cells were divided into low, medium, and
high R expressing cells at time 0 and the average total TF level
in each fraction was computed. Since each cell in this initial pop-
ulation had randomly assigned R and TF values, the TF level in
these sorted fractions did not correlate with receptor expression,
as expected (Figure 2E; Figure S2C). However, when the cells
were sorted by R expression into these three fractions at time
2 after L induction (Figure 2D), the dual feedback model showed
strong positive correlation between R and TF, whereas the R
and TF levels in the no feedback model remained uncorrelated
(Figure 2F; Figure S2D).
Based on these predictions, we experimentally analyzed
synchronization in EpoR and GATA1 levels by sorting UT-7/GM
cells by EpoR expression on day 0 and on day 2 (Figure 2G) after
Epo induction. Experimental results closely matched the dual
feedback model simulations: sorted cells on day 0 showed no
EpoR-GATA1 correlation (Figure 2H) but sorted cells on day 2
showed clear synchronization in EpoR and GATA1 levels (Fig-
ure 2I). It is worth noting that single linear feedback models
can also generate positive correlation between receptor and
transcription factor expression levels upon ligand induction (Fig-
ures S2E–S2H); however, only the dual linear feedback model
is consistent with all of our experimental observations (Figures
1 and 2).
We modeled erythrocyte differentiation using this dual feed-
back topology because there is strong experimental evidence
that GATA1 promotes the transcription of EPOR (Cheng et al.,
2009; Chiba et al., 1991; Zon et al., 1991) and GATA1 itself (Da-
lyot et al., 1993; Zhao et al., 2006). Our findings further support
the existence of this topology as we see upregulation of both
EpoR and GATA1 proteins upon Epo induction (Figures 1E and
1F).We have shown here that this simple two feedback topology,
without any additional assumptions, can transiently increase the
diversification of receptor expression levels in a population (Fig-
ure 2A). When we remove either or both of the two feedbacks,
the system fails to exhibit this noise amplification (Figure 2B;
Figure S2B).
We hypothesized that this increase in receptor noise was
a result of the bistable response of the system and not a charac-
teristic specific to the dual feedback topology. Bistability in our
dual feedback model is achieved by the generation of ultrasensi-
tivity from one feedback loop, which is further reinforced by220 Cell Reports 1, 215–224, March 29, 2012 ª2012 The Authorsthe other feedback loop. However, we could also generate bist-
ability with only a single positive feedback to the receptor if we
introduced additional nonlinearities. Single positive feedback
loops have previously been shown to exhibit bistability through
cooperative binding of transcription factor (Hasty et al., 2000;
Isaacs et al., 2003). This mechanism seems less likely to be
the case for erythrocyte differentiation, as there is biochemical
evidence that GATA1 binds DNA as a monomer (Nalefski et al.,
2006); however, more detailed mechanistic information on
GATA1 activity in cells is needed to completely rule out such
alternative possibilities. Nevertheless, to test our hypothesis,
we modeled receptor feedback with cooperativity to see
whether this topology could show noise amplification. We modi-
fied our receptor feedback only topology by introducing cooper-
ative binding of TF to upregulate the expression of R. Indeed this
cooperative receptor feedback model exhibited bistability (Fig-
ure S2I) and also showed transient amplification in receptor
heterogeneity (Figure S2J), similar to the results for the dual
linear feedback model. This cooperative receptor feedback
model clearly highlights that transient noise amplification in
receptor expression is not unique to the dual feedback topology
and can probably be generalized to any system that shows a
bistable response. Why, then, might a cell choose to use this
dual feedback topology instead of single feedback alternatives
for achieving bistability? The answer may lie in the robustness
of the response. We have recently shown that layering multiple
positive feedback loops onto a signaling pathway can make its
bistable response significantly more robust to parameter varia-
tion (Shah and Sarkar, 2011). Our results may have broader
implications for the responses of bistable switches that underlie
other cell-fate decisions, independent of the specific network
topology.
Receptor Expression Levels Influence Cell Survival
and Differentiation Kinetics
Since receptor and transcription factor levels are indeed
upregulated and correlated during differentiation (i.e., after addi-
tion of ligand), we returned to ourmodel to track the time 2 sorted
populations for longer times. Specifically, we computed R and
TF levels at time 4 and time 6 to see whether the sorted fraction
with high R levels show enhanced kinetics of TF upregulation,
which serves as an indicator of cell differentiation in the model.
Figures 3A and 3B show that the Rhigh fraction at time 2 exhibited
an accelerated rate of R upregulation and a correspondingly
accelerated rate of TF upregulation when compared to the
unsorted, Rlow, and Rmed populations.
After Epo induction, UT-7/GM cells that commit to the erythro-
cyte lineage start to express hemoglobin, which can be detected
by dianisidine staining (Komatsu et al., 1997). We sorted
day 2 Epo-induced cells into EpoRlow, EpoRmed, and EpoRhigh
fractions and immediately transferred them into Epo-containing
medium to continue the differentiation program. The surface
EpoR level in all three populations was quantified on day 4 and
day 7 and compared to the unsorted population. EpoRlow cells
could not be propagated, likely due to insufficient EpoR signaling
for survival. Comparison of EpoR levels revealed no significant
change in the mean between the unsorted population and
the EpoRmed population, whereas the receptor expression level
Figure 3. Receptor Expression Level Influences
Cell Survival and Kinetics of Differentiation
(A) Surface R levels in the dual feedback model at times 4
and 6 for the unsorted population and populations sorted
by R expression (Rlow, Rmed, and Rhigh) at time 2.
(B) Total TF levels in the dual feedback model at times 4
and 6 for the same populations as in (A). Rhigh sorted
population shows increased total TF levels at times 4 and
6 compared to the unsorted, Rlow, and Rmed populations.
(C) Surface EpoR levels at days 4 and 7 for unsorted UT-7/
GM cells and cells sorted by EpoR expression (EpoRlow,
EpoRmed, and EpoRhigh) at day 2. The asterisk (*) denotes
that the EpoRlow sorted fraction did not survive after day 2.
(D) Percentage of dianisidine positive cells at days 4 and 6
for the same populations as in (C). EpoRhigh sorted pop-
ulation shows increased cell differentiation at days 4 and 7
compared to the unsorted, EpoRlow, and EpoRmed pop-
ulations. The asterisk (*) denotes that the EpoRlow sorted
fraction did not survive after day 2.
All error bars show standard error of the mean from three
independent experiments.in the EpoRhigh population was significantly higher than in
the other two samples (Figure 3C). From the dianisidine staining
assay, EpoRhigh and EpoRmed populations showed approxi-
mately 4.0-fold and 2.5-fold increases in positive cells,
respectively, compared to the unsorted population on day 4 (Fig-
ure 3D). On day 7, EpoRhigh and EpoRmed populations showed
approximately 2.0-fold and 1.6-fold increase in positive cells,
respectively, compared to the unsorted population (Figure 3D).
These results suggest that progenitor cells expressing high
levels of EpoR are intrinsically primed toward erythrocyte
commitment and possess enhanced kinetics of differentiation,
as predicted by the model simulations. Furthermore, in signaling
networks that exhibit a positive correlation between a lineage-
specific receptor and transcription factor, as is the case here,
the receptor can serve as a convenient cell-surface marker for
lineage commitment.
Initial and Topology-Induced Heterogeneity in Receptor
and Transcription Factor Expression Levels Can Explain
Threshold Signaling for Cell Survival and Single-Cell
Variability in Differentiation Kinetics
Finally, to analyze the effects of feedback at the single-cell
level in a heterogeneous population, we simulated steady-state
responses and temporal trajectories of individual cells for a range
of starting conditions using the dual feedback model. For given
combinations of initial R and TF, the color map in Figure 4A
shows the differentiation potential by plotting TF at time 12.
There is a clear threshold level of initial R and TF, delineated
by the boundary of the blue region, that is necessary to activate
the feedback loops upon L induction. We tracked nine cells (gray
solid circles in Figure 4A) with low, medium, and high initial levels
of R (red lines) and TF (green dots) in all possible combinations,
which is representative of the heterogeneous starting popula-Cell Reports 1, 2tion. As seen from the plot, three cells (Rlow,
TFlow; Rlow, TFmed; and Rmed, TFlow) fall in the
blue subthreshold region and fail to differen-
tiate. The sharp transition in TF levels at thethreshold arises from the bistable nature of the dual feedback
model. Temporal trajectories of these same nine cells in the pres-
ence of L are shown in Figure 4B. Based on these trajectories,
cells with suprathreshold levels of R and TF synchronize expres-
sion of these lineage-specific genes (vectors have positive
slopes and funnel to the same end point) but do so at different
rates (vectors have different magnitudes, even along similar
trajectories, that depend on initial R and TF levels). These
inherent properties of the network can explain the transient noise
amplification and correlated gene expression observed experi-
mentally (Figure 2).
Using the same nine cells depicted in Figures 4A and 4B, we
present in Figure 4C a schematic that summarizes our findings
and highlights the various roles of feedback during differentia-
tion. Initially, the levels of R and TF are heterogeneous and
uncorrelated (time 0). Upon induction with L (blue squares),
the feedback loops upregulate and synchronize R and TF
expression in individual cells, but this happens at different rates
(dictated by the initial R and TF levels), leading to transiently
noisier expression of R and TF in the population (time 2). Cells
with subthreshold R and TF levels cannot activate the feedback
loops and do not survive (time 4). In the remaining viable cells,
the memory imparted by the feedback loops induces robust
commitment to differentiation (time 4 and 6). The initial R and
TF levels in a given cell determine how rapidly these lineage-
specific factors are upregulated, and, in turn, these gene
expression velocities control the rate of cell differentiation
(time 4 and 6).
Signaling pathways governing lineage commitment in pro-
genitor cells are frequently layered with multiple positive feed-
back loops (Bala´zsi et al., 2011). These apparently redundant
positive transcriptional feedback loops in receptor signaling
networks can confer robustness to all-or-none cell-fate15–224, March 29, 2012 ª2012 The Authors 221
Figure 4. Dual Feedback Model Captures Commitment Decisions Based on Receptor and Transcription Factor Expression Levels
(A) Color map showing TF values at time 12 after 0.001 L induction for given initial R and TF values using the dual feedbackmodel. The boundary of the blue region
in the plot represents the threshold levels of R and TF needed for differentiation. The gray solid circles in the plot represent cells with different combinations of low,
medium, and high R and TF levels in the initial population before L induction. Red lines on the cells represent Rmolecules and green dots inside the cells represent
TF molecules. The three cells in the blue region (Rlow, TFlow; Rlow, TFmed; and Rmed, TFlow) are unable to differentiate, while the other six cells strongly upregulate
their TF levels after L induction.
(B) Temporal trajectories of the same nine cells shown in (A). Solid colored dots represent the R and TF values of the cells at time 0. The arrows along a trajectory
show the average velocities over time increments of 2; the magnitude of each arrow represents the speed of upregulation and its direction indicates the degree of
synchronization between R and TF. In the presence of 0.001 L, the Rhigh, TFhigh cell has the fastest kinetics in reaching the end point corresponding to differ-
entiation (point is off scale); cells with lower levels of R and/or TF have correspondingly slower kinetics.
(C) A schematic based on these same nine cells summarizes the multifaceted roles of dual positive feedback loops during differentiation. Time 0: R and TF levels
in the initial nine cells are heterogeneous and uncorrelated. Time 2: Upon induction with L (blue solid squares), feedback loops upregulate and synchronize R and
TF levels in each cell. Differences in the rates of R and TF upregulation, as seen in (B), transiently amplify the noise in the population. Times 4 and 6: Cells with
subthreshold levels of R and TF do not survive. Of the surviving cells, the feedback processes engender memory to robustly commit the cells and they also control
the differentiation kinetics based on the initial R and TF levels.decisions (Ferrell, 2002; Isaacs et al., 2003; Pomerening et al.,
2003; Shah and Sarkar, 2011; Xiong and Ferrell, 2003). Hema-
topoietic progenitor cells are faced with lineage choices based
on extrinsic instructive signals from the environment and
intrinsic stochasticity due to gene expression noise. Here,
through computational and experimental approaches, we pro-
vide evidence that a cytokine-triggered bistable switch can
link the seemingly disparate instructive and stochastic mecha-
nisms of lineage commitment by amplifying gene expression222 Cell Reports 1, 215–224, March 29, 2012 ª2012 The Authorsnoise in response to cytokine signaling. While we focused on
a minimal topology involving two critical effector proteins, this
link between extrinsic and intrinsic regulation may apply more
broadly between the recepterome and transcriptome. For
example, a multipotent hematopoietic progenitor cell may con-
tain an extrinsically regulated bistable switch for each possible
lineage and these lineage-specific networks can antagonize
one another to dictate fate specification in a manner that
depends on the strength of the extrinsic signals, intrinsic noise
in gene expression, and crosstalk between the networks (Palani
and Sarkar, 2009). More generally, modulation of recepterome-
and transcriptome-wide noise by external signals can bias
decision making in cell populations and may have relevance
to fate specification in a variety of other contexts.EXPERIMENTAL PROCEDURES
Computational Model
Ordinary differential equation-based deterministic models were built using
mass-action and rapid-equilibrium approximations (Smolen et al., 1998). The
complete sets of kinetic equations, initial conditions, and parameter values
for the nondimensional models are provided in the Extended Experimental
Procedures and Tables S1 and S2.
Cell Culture and Differentiation
UT-7/GM cells were kindly provided by Dr. Norio Komatsu (University of
Yamanashi) and Dr. Kenneth Kaushansky (University of California, San Diego).
UT-7/GM cells were maintained in Iscove’s modified Dulbecco’s medium
(IMDM, Invitrogen) supplemented with 10% fetal bovine serum (FBS, HyClone)
and 1 ng/ml GM-CSF (Peprotech). To induce erythroid differentiation, UT-7/
GM cells were growth-factor starved for 16 hr and then cultured in IMDM con-
taining 10% FBS and 1 U/ml Epo (AppliChem).
Cell Viability and Dianisidine Staining
Cell viability was quantified by exclusion of Trypan blue dye (Mediatech).
Hemoglobin positive cells were identified by incubating cells in serum-
free IMDM medium containing 0.2% 3,30-dimethoxybenzidine, fast blue B
(o-dianisidine, Sigma), 0.3% acetic acid, and 0.3% hydrogen peroxide for
20 min at room temperature.
Quantification of Surface EpoR Expression and Cell Sorting
Cells were extracted from culture, washed twice with PBS and incubated with
monoclonal anti-human EpoR antibody conjugated with phycoerythrin (R&D
Systems) for 45 min. After washing, cells were analyzed for EpoR expression
using a Guava flow cytometer. For fluorescence-activated cell sorting,
EpoR-antibody bound cells were resuspended in PBS-B and sorted for
EpoR expression in a Becton Dickinson Digital Vantage cell sorter. Detailed
methods are provided in the Extended Experimental Procedures.
Quantification of GATA1 Expression by Western Blotting
Cells were extracted from culture, washed with PBS, and lysed for 30 min at
4C. After centrifugation, total protein concentrations in the samples were
estimated. Protein samples were denatured at 95C, separated by
SDS-polyacrylamide gel electrophoresis, transferred onto a nitrocellulose
membrane, and blocked with Odyssey blocking buffer. The membrane was
incubated with rat monoclonal GATA1 (N6) antibody (Santa Cruz Biotech-
nology), washed with PBS, and treated with rabbit anti-rat IRdye-800 antibody
(Rockland Immunochemicals). The fluorescence signals were detected using
a LI-COR infrared imager and GATA1 bands were quantified with the analysis
software provided by the manufacturer. Detailed methods are provided in the
Extended Experimental Procedures and representative western blots are
shown in Figures S1G and S2K.
Statistics
Samples in Figure 1Mwere compared by Student’s unpaired t test using a two-
tailed distribution with unequal variance.SUPPLEMENTAL INFORMATION
Supplemental Information includes Extended Experimental Procedures, two
figures, and two tables and can be found with this article online at doi:10.
1016/j.celrep.2012.01.007.LICENSING INFORMATION
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